Introduction

52
Tropospheric CO is a product of incomplete combustion and a byproduct of the oxidation 53 of hydrocarbons. It plays a key role in atmospheric chemistry because it is the main sink for OH, 54
and an important precursor for tropospheric ozone (O 3 ). Recent studies demonstrated significant 55 change in tropospheric CO abundance in the past decade. Using Atmospheric Infrared Sounder 56 transport systematic biases, we performed a two-step inversion by combining sequential Kalman 98
Filter (Jiang et al. 2013 (Jiang et al. , 2015a (Jiang et al. , 2015b ) with four-dimensional variational (4D-Var) assimilation 99 burning emissions in Sep-Nov 2006 were applied to Sep-Nov 2015 over Indonesia. Additional CO 167 sources come from oxidation of methane and biogenic volatile organic compounds (VOCs) as 168 described in previous studies (Kopacz et al. 2010; Jiang et al. 2013) . The biogenic emissions are 169 simulated using the Model of Emissions of Gases and Aerosols from Nature, version 2.0 170 (MEGANv2.0, Guenther et al. 2006) . The distribution of the annual mean CO emissions for 2015 is shown in Figure 2 . The annual global sources are 892 Tg CO from fossil fuel, biofuel and 172 biomass burning, 623 Tg CO from the oxidation of biogenic VOCs, and 876 Tg CO from the 173 oxidation of CH 4 . 174
Inversion Approach
175
We use the 4D-var data assimilation system in GEOS-Chem (Henze et al. 2007) to 176 constrain the CO sources. In this approach, we minimize the cost function defined as: 177 where is the state vector of CO emissions, N is the number of MOPITT observations that are 179 distributed in time over the assimilation period, -is a given MOPITT measurement, and ( ) is 180 the forward model. The error estimates are assumed to be Gaussian, and are given by 0 , the 181 observational error covariance matrix, and # , the a priori error covariance matrix, respectively. 182
The Gaussian assumption excludes important systematic errors, such as biases in OH distribution, 183 long-range transport and satellite retrievals in the cost function. Due to lack of meaningful 184 information about the systematic errors, we assume a uniform observation error of 20% without 185 spatial correlation. The combustion CO sources (fossil fuel, biofuel and biomass burning) and the 186 oxidation source from biogenic VOCs are combined together, assuming a 50% uniform a priori 187 error. We optimize the source of CO from the oxidation of CH 4 separately as an aggregated global 188
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. source, assuming an a priori uncertainty of 25%. 189
Because the 4D-var optimization scheme does not store the full Hessian matrix, we do not 190 construct the a posteriori error covariance matrix, which is the inverse of the Hessian. As opposed 191 to earlier studies using surface measurements, the high spatial density of measurements from 192 satellite instruments can effectively suppress the contribution from random errors in the cost 193 function, leaving systematic errors as the critical factor in the uncertainty. As shown by Heald et 194 al. (2004) , different assumptions about the inversion configuration can produce differences in the 195 source estimates that are significantly larger than the a posteriori errors. 196 Removing the bias in initial conditions is essential for inverse analysis, and can be 197 performed with various data assimilation techniques. Model simulations driven by optimized 198 emissions can provide good initial conditions (e.g. Gonzi et al. 2011; Bruhwiler et al. 2014; Deng 199 et al. 2014; Houweling et al. 2014) . Alternatively, tracer concentrations can be modified directly 200 to avoid the effect from long-range transport error (e.g. Kopacz et al. 2009; Jiang et al. 2013 Jiang et al. , 201 2015a ). There are also efforts to optimize emissions and concentrations simultaneously (e.g. 202 Fortems-Cheiney et al. 2011 , 2012 Bergamaschi et al. 2013; Yin et al. 2015) , however, the 203 contributions from emissions and concentrations to model bias may be hard to be distinguished. 204 Figure 3 shows the methodology of our assimilation system. Following our previous studies (Jiang 205 et al. 2013 (Jiang 205 et al. , 2015a (Jiang 205 et al. , 2015b , we produce initial conditions at the beginning of each monthly 206 assimilation window by assimilating MOPITT data using a sequential Kalman filter. For the results 207 presented here, the Kalman filter assimilation was carried out from March 1, 2000 to December 208 31, 2015 Systematic errors have critical influences on inverse analysis. Jiang et al. (2013) found that 210 the modeled CO concentration from a 10-day forecast simulation have large discrepancy with 211
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 In order to reduce the effects of systematic errors, we designed a two-step inversion to 221 enhance the contributions from local emissions to the discrepancy between model and data, while 222 keeping the influence from long-range transport as low as possible due to sources of uncertainties 223 (e.g. emission uncertainty in the upstream continent, uncertainties in the chemical sink and 224 convective transport in the transport pathway), that are difficult to quantify. As shown in Figure 3 , 225 we define the ocean scene (red grids) as boundary conditions. In the first step of our inverse 226 analysis, sequential Kalman filter assimilation, we directly modify CO concentrations without any 227 change to emissions in order to provide an optimized CO fields as consistent as possible with 228
MOPITT. In the second step, the optimized CO fields are used to rewrite CO concentrations over 229 the ocean every hour, while 4D-var inversion is employed to constrain CO emissions, without any 230 change on CO distribution over ocean. Only MOPITT data over land (white grids) were 231 assimilated to constrain CO emissions in the second step. With the fixed/optimized boundary 232 conditions, the global inversion system has been converted to a combination of several regional 233 inversions. Consequently, the emission and transport errors from one continent (e.g. North 234
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. Published: 17 October 2016 c Author(s) 2016. CC-BY 3.0 License. America) will not affect the emission estimation of another continent (e.g. Europe). 235 The distribution of tropospheric OH has significant influence on the inverse analysis of CO 238 emissions (Jiang et al. 2011) . Various approaches have been employed to improve the OH 239 distribution in previous studies. Jiang et al. (2013) assimilated MOPITT CO retrievals in full 240 chemistry model simulation to provide updated OH fields. Miyazaki et al. (2015) demonstrated 241 that assimilation of Tropospheric Emission Spectrometer (TES) O 3 , Ozone Monitoring Instrument 242 (OMI) NO 2 , and MOPITT CO can provide a better description of tropospheric OH. There are also 243 recent efforts that have assimilated surface in-situ MCF measurements (Fortems-Cheiney et al. 244 2011 , 2012 Yin et al. 2015) . However, because of the uncertainties in model chemistry schemes, 245 potential bias drifts in satellite remotely sensed observation, and sparse distribution of surface in-246 situ measurements, OH abundances provided by these approaches may not be ideal for the 247 estimation of long-term CO variation. interannual variation is more likely due to the sparsity and discontinuity of measurements. 257
Results and Discussion
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Because the abundances of tropospheric OH have large regional discrepancies (e.g. Jiang et al. 263 2015a) , it is possible that the actual OH is more variable at regions lacking MCF measurements 264 (e.g. India and southeast Asia). Futhermore, the magnitude and seasonality of the default monthly 265 OH fields could also have uncertainty. Consequently, the magnitude of CO emissions in our 266 analysis may still be affected by biases in OH, although the two-step assimilation system is 267 designed to suppress their influence. 268
Long-term variation of global CO emissions 269
In this work, we performed monthly inversions for the period of 2001-2015, using 270 MOPITT column, profile and lower tropospheric profile (lowest three retrieval levels) data to 271 investigate the influences associated with vertical sensitivity of satellite instrument and model 272 transport error. Figure 5 MOPITT column and profile data demonstrate increasing CO emissions from India and Southeast 276 Asia. Conversely, the emission estimate constrained with MOPITT lower tropospheric profile data 277 shows a decreasing trend in this region, and this decreasing trend is also obtained by Yin et al. 278 (2015) . As shown in Jiang et al., (2013) , errors in model convection in this region have a large 279 effect on CO emissions estimates, and information about the vertical profile of CO has a stronger 280
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. with the a priori emissions, whereas the emission estimate constrained with MOPITT lower 291 tropospheric profile data is much higher. All three analyses demonstrate a significant emission 292 reduction over our study period. As shown in Table 1 , the total anthropogenic CO emission 293 (constrained with MOPITT profile data) from US is 56.8 Tg in 2015, which is 35% lower than that 294 in 2001 (87.7 Tg) . Figure 7a shows the monthly mean CO concentrations from WDCGG stations 295 in US, which demonstrates a similar decreasing trend as our analysis. The decreasing trend is 296 consistent with the US Environmental Protection Agency (EPA) Emissions Trends Data 297 (https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data), and other 298 observation records for western US (Gratz et al. 2015) , southeast US (Hidy et al. 2014) and North 299
Atlantic (Kumar et al. 2013 ). 300 Figure 6b shows the regional variation of anthropogenic emissions from Europe. All three 301
analyses show an underestimation of a priori emissions, suggesting the CO emissions in the EMEP 302 inventory are too low. Our results show that anthropogenic emissions decrease during the period 303
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. (Figure 7b ). Recent studies (Hilboll et al. 2013; Schneider et 305 al. 2015) showed that NO 2 over Europe from SCIAMACHY is decreasing in the period of 2008, and almost unchanged in the period of . Henschel et al. (2015 indicated that the 307 unchanged NO 2 over Europe could be caused by European emissions that are failing to achieve 308 the expected reduction standards. Because anthropogenic CO and NO 2 share some of the same 309 combustion sources, it is possible that the unchanged CO emission in our analysis is also due to a 310 failure of emission controls. 311 because of improvements in energy efficiency and emission control regulations (e.g. Liu et al. 323 2015) . Figure 7c shows the observation records from 2 stations in the East China outflow region, 324 which demonstrate similar variations. 325
Figures 6d-6e show the regional variation of anthropogenic emissions from India and 326
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. 2008. Our previous study (Jiang et al. 2015c ) indicated that anthropogenic emissions from India 346 and southeast Asia have an important influence on pollutant concentrations in the east China 347 outflow region. It is possible that the increase of CO concentration observed by WDCGG stations 348 in this region is caused by the significant increase of anthropogenic CO emission from India and 349
Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. 2010, consistent with fire activity reported in previous studies (e.g. Hooghiemstra et al. 2012; 362 Bloom et al. 2015) . 363 Figure 8d shows the regional variation of biomass burning emissions from Africa. The fire 364 activities in Africa demonstrates obvious seasonality: peak in boreal winter for Northern 365
Hemispheric Africa, and in austral winter for Southern Hemispheric Africa. Similar to previous 366 studies (e.g. Chevallier et al. 2009; Tosca et al. 2015) , there is no obvious emission trend in Africa 367 in the past 15 years. This is also consistent with the burned area trends described by Andela et al. 368 (2014) which show opposite directions for Northern Africa (decreasing) versus Southern Africa 369 (increasing) and would have cancelling effects in the trend for the continent as a whole. 370
Our results exhibit two strong biomass burning events in Indonesia, 2006 and 2015, 371 individually (Figure 8e ). Previous studies (e.g. Logan et al. 2008; Zhang et al. 2011; Worden et al. 372 Atmos. Chem. Phys. Discuss., doi:10.5194/acp-2016 -811, 2016 Manuscript under review for journal Atmos. Chem. Phys. In this section, we evaluate our inversion results using independent long-term surface in-381 situ measurements from WDCGG stations. Figure 9a The discrepancy between surface and column CO suggests the possible contribution from variable 442 convective transport, which could be associated with changes in the frequency of deep convection 443 (Tan et al. 2015) or the change from El Niño to La Niña in our study period (Andela et al. 2014) . 444
In order to assess the influence of various versions of the meterological fields (i.e. GEOS-4, GEOS-445 5 and GEOS-FP) on the trend analysis, we reploted (not shown) Figure 11a (Figure 11c, 11d) , we found the decrease of biomass 453 burning emissions from boreal North America and boreal Asia (Figure 11e, 11f) to be an important 454 factor for this negative trend. In constrast to the emission reduction from North America, Europe 455 and China, we found increasing anthropogenic emissions from India and southeast Asia, which 456 result in a pronounced positive trend of tropospheric CO, while Yin et al. (2015) obtain a negative 457 trend for this region. This discrepancy requires further study and we will need to test the relative 458 importance of the primary differences in our methods, i.e., models and inversion approaches, 459 climatological OH (this study) vs. assimilated surface measurements of CH 4 and MCF to update 460 OH (Yin et al.) and the use of MOPITT profile vs. column CO retrievals (Yin et al., assimilate 461 only column CO). 462
Summary
463
The objective of this work is to investigate the dominant reasons for the observed variation 464
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Europe and China. We find that a decrease of biomass burning emissions from boreal North 490
America and boreal Asia is also an important contributor for the negative trend. Globally, our 491 analysis indicates a negative trend of biomass burning emissions in the past 15 years, except in 492 Indonesia due to the strong biomass burning event in 2015 associated with El Niño. Our results 493 demonstrate a significant decrease of biomass burning emissions from South America, which 494 could be associated with the reduction of deforestation in Brazil (Reddington et al. 2015) , and the 495 predominant change from El Nino to La Nina in our study period (Andela et al. 2014 ). For Africa, 496 there is no obvious CO emission trend in the past 15 years, consistent with previous results 497 (Chevallier et al. 2009; Tosca et al. 2015; Andela et al., 2014) . Our results are inconclusive in 498 characterizing the CO sources from oxidation of biogenic VOCs. More efforts are needed in the 499 future to better understand the mechanism for tropical CO emissions. 500
Our analysis highlights the importance of space-based instruments for monitoring changes 501 in global pollutant emissions. Our results demonstrate successful emission controls in US and 502
China over the past 15 years, and suggest that emission controls in Europe may need re-evaluation. 503
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